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BigData	
  with	
  Structure:	
  Large	
  Graphs	
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Social	
  Networks	
  

“..	
  defined	
  between	
  persons	
  or	
  groups	
  of	
  persons	
  
with	
  some	
  pa8ern	
  of	
  interac:ons	
  or	
  connec:ons	
  

amongst	
  them.”	
  
EXAMPLES:	
  
• Friend-­‐to-­‐friend	
  Networks	
  
• Actor-­‐to-­‐actor	
  Networks	
  
• Email	
  Networks	
  
• Blogger	
  Networks	
  
• Reply	
  Networks	
  



Explicit	
  RelaGonship	
  Networks	
  

Explicit	
  rela:onships	
  (friends,	
  enemies,	
  followers,	
  
professional	
  colleagues)	
  are	
  defined	
  between	
  the	
  
en::es	
  (nodes/people)	
  within	
  the	
  network.	
  
	
  
Nodes	
  can	
  belong	
  to	
  mulGple	
  communiGes	
  or	
  have	
  
different	
  properGes.	
  
Edges	
  can	
  be	
  labeled,	
  or	
  have	
  weights	
  or	
  just	
  binary.	
  
	
  



DBLP	
  Co-­‐parGcipaGon	
  Networks	
  

The	
  DBLP	
  server	
  provides	
  bibliographic	
  informa:on	
  
on	
  major	
  computer	
  science	
  journals	
  and	
  proceedings.	
  
	
  
Several	
  papers	
  analyze	
  the	
  co-­‐authorship	
  network	
  as	
  
well	
  as	
  the	
  citaGon	
  network	
  derived	
  from	
  DBLP	
  
database.	
  
	
  
	
  



Social	
  Bookmarking	
  websites	
  

“A	
  Web-­‐based	
  service	
  where	
  users	
  can	
  create	
  and	
  store	
  
links.	
  It	
  is	
  an	
  increasingly	
  popular	
  way	
  to	
  locate,	
  classify,	
  

rank,	
  and	
  share	
  internet	
  resources”	
  –	
  FDLP	
  

	
  
	
  



Digg	
  DefiniGons	
  

• story	
  –	
  a	
  social	
  bookmark	
  
• user	
  –	
  contributor	
  and/or	
  commenter	
  
• digg	
  –	
  posiGve	
  raGng	
  
• bury	
  –	
  negaGve	
  raGng	
  
• category	
  –	
  main	
  topics	
  

• Sports,	
  Business,	
  Science,	
  etc.	
  
• topic	
  –	
  sub	
  topics	
  

• Linux,	
  ElecGons,	
  Golf,	
  etc.	
  



Digg	
  Implicit	
  Network	
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Defining	
  Complex	
  Networks	
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Complex	
  MulG-­‐RelaGonal	
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Output	
  can	
  be	
  ``Structured’’	
  

•  Not	
  0/1	
  classificaGon	
  or	
  regression	
  
– But	
  relaGonship	
  between	
  output	
  classes/
variables.	
  

•  Examples:	
  
– MulG-­‐labeled	
  
– Hierarchical	
  
– ParGally	
  Labeled	
  

•  Other	
  Challenge:	
  Several	
  Thousands	
  of	
  Classes	
  
	
  



Determining	
  a	
  Node	
  (CollecKve	
  ClassificaKon)	
  

Input:	
  A	
  graph	
  G	
  =	
  (V,E)	
  with	
  given	
  
percentage	
  of	
  labeled	
  nodes	
  for	
  
training,	
  node	
  features	
  for	
  all	
  the	
  
nodes	
  
Output:	
  Predicted	
  labels	
  of	
  the	
  test	
  
nodes	
  
Model:	
  
•  RelaGonal	
  features	
  and	
  node	
  

features	
  are	
  used	
  for	
  training	
  
local	
  classifier	
  using	
  labeled	
  
nodes	
  

•  Test	
  nodes	
  labels	
  are	
  iniGalized	
  
with	
  labels	
  predicted	
  by	
  local	
  
classifier	
  using	
  node	
  a^ributes	
  

•  Inference	
  through	
  iteraGve	
  
classificaGon	
  of	
  test	
  nodes	
  unGl	
  
convergence	
  criterion	
  reached	
  

Network	
  of	
  
researchers	
  

ML	
  
DM	
   SW	
   AI	
  

Bio	
  

?	
  



CollecGve	
  ClassificaGon	
  
MulG-­‐labeled	
  collecGve	
  classificaGon	
  (Kong	
  et.	
  al.	
  2011)	
  
	
  

	
  

	
  

•  Assume	
  “K”	
  possible	
  labels.	
  
•  IniGalizaGon:	
  Train	
  “K”	
  one-­‐versus-­‐rest	
  classificaGon	
  models	
  for	
  
the	
  different	
  labels.	
  
•  Use	
  only	
  train	
  nodes.	
  
•  Features:	
  A^ributes,	
  Self-­‐Label	
  Features	
  (i.e.,	
  other	
  labels)	
  

•  Repeat	
  
•  Predict	
  labels	
  for	
  test	
  nodes.	
  	
  
•  Retrain	
  ``baseline”	
  models.	
  

•  Features:	
  A^ributes,	
  Self-­‐Label	
  Features,	
  Cross-­‐labeled	
  
features	
  (from	
  neighboring	
  nodes).	
  

•  UnGl	
  convergence	
  (Labels	
  do	
  not	
  change).	
  
	
  
	
  



Our	
  Approach	
  
MulG-­‐labeled	
  collecGve	
  classificaGon	
  using	
  ranked	
  neighbors	
  (Saha	
  et.	
  al.	
  
2012,	
  2013)	
  
	
  

	
  

	
  

Intui*on:	
  
•  Are	
  there	
  influencing	
  neighbors	
  ?	
  
•  Are	
  some	
  of	
  the	
  more	
  important	
  ?	
  
•  Can	
  we	
  use	
  a	
  ranking	
  based	
  list	
  ?	
  
•  Can	
  we	
  speed	
  up	
  the	
  computaGon	
  by	
  removal	
  of	
  edges	
  that	
  do	
  not	
  

convey	
  any	
  informaGon	
  ?	
  –	
  sparsificaGon?	
  
•  AcGve-­‐learning	
  approach.	
  
	
  
	
  
	
   	
   	
   	
   	
   	
  	
  

	
  
	
  
	
  
	
  
	
  



For	
  Baseline	
  Model	
  Learning	
  

Obtain,	
  	
  

ObjecGve	
  FuncGon,	
  

Loss	
  FuncGon	
  (Hinge	
  Loss,	
  
Least	
  Squares,	
  LogisGc	
  Loss)	
  

RegularizaGon	
  Term	
  
(usually	
  a	
  norm	
  of	
  w)	
  



Can	
  we	
  couple	
  models	
  across	
  different	
  
Gme	
  periods	
  ?	
  

Obtain,	
  
	
  	
  

ObjecGve	
  FuncGon,	
  

Loss	
  (sums	
  the	
  misclassificaGon	
  
error	
  over	
  all	
  the	
  examples	
  from	
  all	
  
the	
  tasks)	
  

RegularizaGon	
  term	
  jointly	
  
regularizes	
  the	
  model	
  
parameters	
  of	
  all	
  the	
  tasks.	
  



Jointly/IteraGvely	
  Learn	
  Model	
  Parameters	
  



Different	
  RegularizaGon	
  PenalGes	
  

Joint	
  Feature	
  SelecGon	
  (Assume	
  shared	
  
Features)	
  

	
  
	
  
Difference	
  in	
  two	
  periods	
  



Advantages	
  

•  Be^er	
  generalizaGon	
  of	
  jointly	
  trained	
  
parameters	
  
– RelaGonship	
  across	
  epochs.	
  

•  Need	
  fewer	
  labeled	
  examples.	
  
– Scarcity	
  in	
  training	
  data	
  supply.	
  



BIG	
  Data	
  presents	
  BIG	
  problems.	
  

•  Big	
  Parameters.	
  Extreme	
  classes.	
  Large	
  Dimensions.	
  
•  Need	
  iteraGve/concurrent	
  formulaGons	
  for	
  standard	
  
opGmizaGon	
  techniques.	
  

•  MPI/Hadoop/Distributed	
  version.	
  
•  Need	
  local	
  network	
  and	
  Gme	
  variant	
  esGmaGon	
  
properGes	
  of	
  the	
  algorithms.	
  

•  Other	
  QuesGons?	
  
–  Early	
  Time	
  ClassificaGon.	
  
–  Human	
  in	
  the	
  loop	
  (AcGve	
  Learning	
  Approaches).	
  
–  DetecGon	
  of	
  Dynamic	
  Network	
  Pa^erns.	
  	
  

•  No	
  standard	
  definiGons.	
  


